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Introduction
Following Dickens and Katz (1987) and Krueger and Summers (1988) , there has been renewed interest among labor economists in analyzing inter-industry wage differentials. As a result, a growing literature presents estimates of the size and persistency of the industry wage rents that remain after controlling for human capital and job characteristics expected to give rise to compensating wage differentials. 1 The key results from estimations for a large number of countries, different time periods, and using different specifications of the empirical earnings function, are that inter-industry wage differentials do exist, are of a non-negligible magnitude, and are highly persistent over long periods of time.
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Such observations appear at variance with the standard model of competitive labor markets, which predicts that long-term wage differentials reflect only compensating factors (such as risks of injury or unemployment) and that short-term industry rents will dissipate over time. As a consequence, researchers have focused their attention on modified competitive models (for example, models with limited mobility between industries) and on non-competitive models, including efficiency wage and rent-sharing models, in attempts to explain the observed wage patterns. 3 Another approach has considered the role of labor market and, in particular, wagesetting institutions. 4 As noted by Krueger and Summers, the estimated inter-industry wage differentials may reflect differences in unmeasured individual productivity (henceforth referred to as "ability") across industries. If, as seems plausible, workers with high unmeasured ability earn high wages, then industries employing disproportionately more high-ability workers pay higher average wages to observationally equivalent workers. A number of studies-four influential ones are Murphy and Topel (1990) , Gibbons and Katz (1992) , Blackburn and Neumark (1992) , and Keane (1993)- have assessed the impact of bias from failing to account for unobserved ability using alternative 1 Large and persistent wage differentials have also been shown to be present across establishments within industries, even after controlling for standard covariates and individual fixed effects; see Groshen (1991) . 2 See Albaek et al. (1996) for evidence from the Nordic countries. Some examples of individual country studies are Vainiomäki and Laaksonen (1995) and Asplund (1993) for Finland, Longva and Strøm (1998) for Norway, and Arai (1994) for Sweden. 3 Bell and Freeman (1991) give a comprehensive analysis of the competing explanations.
2 methodological approaches. One approach makes use of longitudinal data and the wage changes of workers who switch industry affiliation. 5 Under the assumptions that ability is time-invariant and equally valued in all industries, first-difference estimation based on industry switchers yields unbiased estimates of industry wage effects. If these assumptions do not hold, however, matching of individuals and industries becomes important and inter-industry mobility of workers is endogenous. In that event, even first-difference estimates will reflect unmeasured ability differences across industries. Presumably, many workers change jobs and thereby industry affiliation because they receive a better offer. In most cases, a better offer means a higher wage.
One way to circumvent these problems is to use data from plant closings, in which case mobility is less likely to be endogenous and industry switchers' wage changes are less likely to reflect unmeasured ability. For example, such data allow Gibbons and Katz (1992) and Kim (1998) to examine how much of the pre-displacement industry wage premium is maintained when workers are re-employed. Although data from plant closings may eliminate the endogeneity of job mobility decisions, worker selectivity with respect to change of industry remains a problem and is likely to affect estimation results.
Another potential problem of the first-difference method is related to the returns-to-tenure component of wages. Workers' post-switch wages are typically observed after a short period,
i.e., when they have accumulated only little tenure in their new job. If there are positive returns to tenure, the "permanent" wage in the post-switch job may be underestimated.
Finally, measurement error from misclassification of industry, which is non-trivial in most longitudinal data sets, is exacerbated using within-individual differences simply because a larger fraction of the observed variation in industry affiliation is due to measurement error.
In their seminal study, Krueger and Summers conclude that first-difference and individual fixedeffects estimators yield industry wage structures similar to that obtained in a cross-sectional study. Gibbons and Katz concur with the earlier study in finding that first-differenced and crosssection based industry wage differentials are very similar, but they also find that predisplacement industry affiliation enters significantly in post-displacement wages, and argue that 3 neither the true industry effects nor the pure unmeasured ability explanations fit their empirical evidence. Murphy and Topel (1989) , who also employ a first-difference approach but a different data source than Krueger and Summers, conclude that unmeasured individual effects is the primary explanation of observed inter-industry wage differentials. Blackburn and Neumark's (1992) analysis differs from the above-mentioned studies in that it includes intelligence test scores as indicators of otherwise unobserved ability. According to their results, one tenth of the variation in inter-industry wage differentials reflects differences in the test scores.
More recently, Abowd, Kramarz, and Margolis (1999) , who can match workers to their employers, find that, for France, almost all of the inter-industry wage differentials can be explained by the variation in individual heterogeneity across sectors. Their findings are of considerable interest, as explanations such as efficiency wage theory suggest that in optimum some firms may pay higher than normal wages but that the resulting wage differences should depend on employer characteristics and not on the traits of the employees, as in the competitive model.
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This paper aims to shed further light on the importance of unobserved ability in explaining interindustry wage differentials by making use of data on siblings. Estimating wage equations for siblings, we can account for shared unmeasured ability components that arise from common family and community factors, such as upbringing, school quality, neighborhood, as well as shared genetic traits. The literature on siblings correlations-see Solon (1999) for a survey-has demonstrated that the factors siblings have in common account for at least as much of the variation in individual earnings as do observed human capital characteristics. Moreover, there is good reason to expect industry affiliation to be influenced by family and community background, and, so, disregarding this information may lead to biased estimates. A person's industry affiliation is in part determined by her educational attainment and occupation. Several intergenerational studies have identified strong linkages between family background and length as well as type of schooling and occupation. As we show below, the probability that two persons 4 are employed in the same industry is considerably higher if they are siblings. We also provide evidence of significant inter-industry ability differentials.
There are two important methodological advantages of comparing siblings employed in different industries rather than individuals who change industry affiliation. First, we do not need to rely on the assumption of exogenous job mobility. At the same time, however, siblings do not have identical abilities and industry affiliation may correlate with unobserved ability even within families. Therefore, by studying sibling differences, we are likely to remove some of the ability bias and get a tighter upper bound on the true inter-industry wage differential. Second, estimates reflect long-run or permanent wage differentials rather than short-seniority differentials that typically are estimated in studies using data on industry switchers.
This paper utilizes large Nordic data sets and the NLSY for the United States. Previous comparative studies of industry differentials have found that wage differences across industries are small in the Nordic countries, particularly compared to those in the United States. 7 This pattern has frequently been attributed to institutional factors like centralized wage setting.
The paper is structured as follows. The next section gives a short description of the data sets.
Section 3 defines the measures of inter-industry wage variation and presents the main results of the analysis. The fourth section discusses cross-country differences and some concluding remarks are offered in section 5.
Data description
To facilitate comparisons with prior Nordic studies, employees are classified as belonging to one of 24 industries. The exact industry classifications are reported in Appendix Table A1 . (The table   also lists employment shares and average log earnings in each industry in the analysis samples; see sample descriptions below.) Because our earnings records likely are poor measures of consumption opportunities of workers in agriculture and fishing/forestry, we exclude these industries from the analyses. Finally, this data set is merged with information from annual earnings registers for the year 1996.
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In line with prior studies, we restrict the analysis to male employees, i.e., to brothers, in order to avoid estimates that are heavily influenced by variation in working hours for female workers.
Moreover, in the Nordic data sets we have employed a common age restriction of 30 to 42 years of age in the outcome year for which we observe their earnings. Because the earnings information in these data comes from tax registers, the earnings concept is that of annual earnings. 9 Thus, to reduce the impact of part-year work, we exclude individuals with earnings below a certain threshold. This threshold is defined by multiplying the 5th percentile in the hourly wage distribution for males aged 30-42 with the normal hours of work per year (37.5*52).
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The U.S. data set is drawn from the National Longitudinal Survey of Youth (NLSY). The NLSY is a nationally representative survey of 12,686 youths aged 14-22 when they were first surveyed in 1979. Sampling for the initial survey was based on households, and every youth in a sampled household was included in the survey. Using information on family structure recorded the initial year, we are able to identify 5,863 individuals with a biological sibling also participating in the survey. Of 6,403 males, we identify 2,013 individuals with a biological brother in the survey.
To optimize the number of usable brother pairings, but also to reduce noise inherent in survey data, we base the analysis on eight recent waves of the survey (covering 1990-2000 ; there were no surveys in 1995, 1997, and 1999) , 11 but form a cross-sectional regression sample by averaging characteristics (such as the real hourly wage) for each individual across the eight waves.
Excluding observations while enrolled in school, with missing data, and with reported hourly wages less than one-half of the federal minimum wage or greater than $200, we are left with 28,267 individual-by-year observations from the eight waves. From these data, we form a crosssectional regression sample consisting of 5,065 males, of whom 1,653 individuals also have a biological brother in the sample. 9 The Danish data include information on both hourly wages and annual labor earnings.
10 Antelius and Björklund (2000) demonstrate using Swedish data that such a limit makes annual earnings estimates mimic hourly earnings results quite well. 11 During the relevant survey years, NLSY participants were 25 to 43 years of age, making the age profile of the U.S. sample slightly younger than those of the Nordic countries (see descriptive statistics in Appendix Table A2 ). When we apply the same age restriction as that used in the Nordic data to the U.S. sample, results are very similar to those reported in the paper. Unfortunately, the additional age restriction involves a substantial reduction in the number of brother pairings and loss of precision in within-family estimates, so we prefer reporting results from the broader sample.
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Appendix Table A2 gives further details of the family structure in the five samples along with descriptive statistics of the variables used in the empirical analyses. The table also lists coefficient estimates of control variables in the wage equations (see the next section).
Analyses and results
Measuring industry wage differentials and variation
To analyze the role of industry affiliation in explaining overall wage variation, we consider two metrics measuring the weighted standard deviation of inter-industry wage differentials. These An intuitive measure of the overall variability in industry wages is the weighted standard deviation (WSD) of estimated industry wage differentials. The statistic is based on the deviation of the estimated industry differential from a weighted mean, i.e.,
where π k is the employment share of industry k. WSD is then given by
As emphasized by Krueger and Summers (1988) and further elaborated upon in Haisken-DeNew and Schmidt (1997), the WSD statistic is an upwardly biased estimate of the variability of industry wages as it ignores the least-squares sampling error arising from the fact that b k is itself an estimate. Krueger and Summers adjust the statistic for sampling error using an approximation of the variance-covariance matrix based on the standard errors of the estimated industry coefficients and the constant term, and Haisken-DeNew and Schmidt derive an unbiased estimator based on the complete variance-covariance matrix. In the present study, the Haisken- 
Estimates Based on Ordinary Least Squares
The standard OLS estimates of industry wage differentials are set out in Table 1 , separately for each country. 13 The table reveals some interesting parallels across the industry wage structures of the five countries. For example, workers in finance and insurance receive a considerable wage premium in all countries considered. In fact, finance and insurance ranks as the top-paying industry in four of the five countries, and ranks second (only behind the oil industry) in Norway.
Within the manufacturing industries, chemical and basic metal pay above-average wages in all five countries, while wages in textiles and furniture manufacturing tend to be below average. At the bottom of the industry pay scale, those employed in the educational sector and those in social institutions receive low pay in all five countries, ranking as the two lowest paying industries in three out of five cases (the exception being education which ranks third from the bottom in the United States and fifth from the bottom in Finland). We return to further cross-country comparisons below. 13 Reflecting differences in sample size, industry differentials are more precisely determined in the Nordic samples compared to the U.S. sample. The NLSY-based estimates listed in Table 1 nonetheless appear fairly representative, as they exhibit a correlation coefficient of .91 with estimates we obtain using a larger sample drawn from 1995 CPS data. 14 In order to preserve direct comparability of results from OLS and within-family estimations, results in Table 2 are based on the subsamples of brothers and excludes singletons. Coefficient estimates from the restricted (i.e., brothers) samples are reported in Appendix Tables A4 and A5 . Estimates of wage variability, both across individuals and industries, are however quite similar when we also include singletons in the analysis samples. 15 Because of large sample sizes and small standard errors of estimated industry wage differentials, the adjustment is of limited importance and the OLS-based WASD and WSD statistics are nearly identical for the Nordic countries;
of wages across industries is substantially higher in the United States, 0.146 and 0.157 log point according to the adjusted and unadjusted standard deviations. Table 2 about here The finding of greater industry wage dispersion in the United States parallels the conclusions of prior studies, such as Edin and Zetterberg (1992) and Barth and Zweimüller (1992) . The U.S.
Nordic difference appears smaller in the present study, however. This is foremost due to the fact that our estimates of industry wage variability for the Nordic countries are higher than those of the prior studies, especially those of Edin and Zetterberg. (Our WASD statistic for the United
States is, in fact, similar to those reported for two-digit industries in Krueger and Summers (1988) and is virtually identical to that obtained by Blackburn (1995) in his reanalysis of Keane (1992) , who also uses NLSY data.) A plausible, and particularly interesting, explanation of the discrepancy relates to the time periods of the studies. The Edin and Zetterberg study is based on data from 1984, which coincides with the end of an era of centralized wage bargaining in Sweden (Edin and Holmlund, 1995) . The subsequent decline in centralized wage setting is estimated to have led to significant increases in wage inequality among Swedish workers in general (Hibbs and Locking, 1995; Wallerstein, 1999) . As observed by Katz and Autor (1999) , a likely consequence of such developments is that our data, from 1995, exhibit greater wage dispersion across industries than that found in data that predate the move towards industry-and company-based wage setting.
Family background and industry affiliation
Our principal aim is to investigate the potential bias in the WSD and WASD statistics arising from correlation between unobserved individual productivity and industry affiliation. A study of siblings is useful for this purpose if (i) ability is correlated with industry affiliation, (ii) ability is (to a considerable extent) explained by factors shared by siblings, and (iii) family background is a determinant of industry affiliation.
Empirical evidence implies that all three aspects are relevant. First, using the score from the Armed Forces Qualifications Test (AFQT) as a proxy for individual ability, the NLSY data see also the discussion in Haisken-DeNew and Schmidt (1997) .
provides an opportunity to compute the correlation between "ability" and industry affiliation. 16 We find significant industry AFQT differentials and the variability across industries as measured by AFQT-WASD remains even after controlling for age and schooling (see Table A3 ). Second, inter-as well as intra-generational studies of earnings indicate that siblings share a common human capital component; see, e.g., Solon (1999) and Björklund et al. (2002) .
Third, family background does indeed affect industry affiliation. Table 3 reports the fraction of brothers working in the same industry alongside the probability that two randomly drawn individuals are employed in the same industry. The latter probability is given by
where π k is the employment share of industry k (K=24) listed in Table A1 . As shown in Table 3 , the probability that two randomly drawn individuals are employed in the same industry is about 0.07 in all five countries. The actual, observed fraction among brothers (in two brother families)
is considerably higher and hovers around 0.2 in all countries. Extending the empirical model to include family-specific components, we rewrite equation (1) as the log wage of individual i in family j:
The unobserved component is split in two terms-a family component, f j , which is shared by brothers, and an individual error, u ij, assumed normally distributed with a constant variance. The within-family estimator is based on the individual sibling's deviation from the family mean, Although the within-family based estimates of the WASD metric are lower than those based on OLS, controlling for unobserved ability associated with family background turns out to have a relatively moderate impact on the measure of industry wage dispersion-at least in the Nordic countries. Following Blackburn (1995) , we consider the importance of unobserved ability by squaring the ratio of within-family and OLS-based estimates of WASD. If this squared ratio is, say, 0.5, then 50 percent of the variance of industry wage differentials remains after accounting for unobserved heterogeneity. As shown in the third row of Table 2 , Panel B, for the Nordic countries the squared ratio ranges from 0.74 (Sweden) to 0.89 (Denmark and Finland), meaning that a modest fraction (11 to 26 percent) of the OLS industry wage variation is due to unobserved ability. For the United States, the squared ratio is substantially lower-0.47-implying that differences in unobserved ability across industries explains more than half of the observed U.S. 17 The estimate would be downward biased if low-paying industries employ workers with high ability, and vice versa. This seems very unlikely to be the case. 18 See Griliches (1977) and the corresponding argument by Bound and Solon (1999) on the value of within-family estimates of returns to schooling.
industry wage variance. According to the reanalysis of early studies in Blackburn (1995, 19 Another concern is that differences in measurement error across data sources might invalidate cross-country comparisons. Because the Nordic samples are drawn from register data, industry classification is expected to be more accurate for these countries. For example, in the Norwegian data industry affiliation is the official classification of the workplace made by Statistics Norway.
Moreover, to avoid any misclassification due to within-year change of industry, the sample is limited to those staying with the same employer throughout the year. In contrast, the U.S. data are based on individual reports of type of work, and are subject to considerable reporting error (Mellow and Sider, 1983) . In fact, of the 14,538 continuing jobs with the same employer that we observe in the underlying U.S. longitudinal sample, 14.3 percent involve an unexplained change 13 of (two-digit) industry classification. Among these, 20.5 percent revert back to the original industry code after one year, and another 6.4 percent revert back after two years. 20 Such reporting errors are likely to cause severe bias towards zero in first-difference estimates, and might affect within-family estimates.
To check whether the large reduction in the U.S. within-family based estimate of the WASD statistic (compared to OLS) is influenced by reporting errors in industry affiliation, we apply three different corrections to the classification of job spells with unexplained changes of industry. Results are reported in Table 4 . In column 1, we first override all unexplained withinjob spell industry changes that revert back to the original classification within two years. Next, we recode the industry classification using the last reported code for the job spell (column 2).
Finally, in column 3 we simply drop from the sample any job spell that involves an unexplained change of industry. As the table shows, these experiments produce estimates of OLS and withinfamily based WASD statistics that are very close to those reported in Table 2 . Importantly, the conclusion that unobserved heterogeneity explains approximately 50 percent of observed U.S.
industry wage variation appears not to be the result of individual reporting errors in industry classification. Table 2 .
Second, the plots illustrate a tendency of high-pay scatter points to fall below, and of low-pay 20 A couple examples illustrate how difficult it can be for individuals to classify ones workplace (however easy a task for a trained labor economist). One survey participant lists the same job under "Vending machine operators" (i.e., retail trade) for three years running, and then under "Eating and drinking places" (restaurants) the following two years. Another lists his job as "Scientific and controlling instruments" one year, "Business services, n.e.c." in year two, "Engineering services" in year three, and "Aircraft parts" in years four and five.
scatter points to lie above, the 45-degree line, suggesting upward bias in high, and downward bias in low, OLS estimates of industry wage differentials. To illustrate, the within-family estimate of the wage premium in finance and insurance (industry 17) falls below the OLS estimate in each of the countries considered. Conversely, the industry wage penalties faced by workers in social institutions (industry 23) and education (industry 21) are lower when based on within-family than OLS estimates. 21 Such modifications to high and low estimates result in less variability of industry wages when measured along the vertical axis, giving rise to lower withinfamily measures of WASD and WSD compared to those based on OLS. As the figure shows, this pattern is particularly strong for the United States and Sweden, the countries with the greatest reductions in the WASD and WSD statistics in Table 2 . of basic skills among U.S. workers discussed in the next section), but also that U.S. returns to unobserved skills exceed those of the Nordic countries. Importantly, when we account for unobserved ability, the larger reduction of the U.S. WASD measure brings the estimate of industry wage dispersion in the United States close to those of the Nordic countries (see Table 2 , Panel B). The implication is that at a significant portion of the greater industry wage variation observed in the United States is the result of ability bias in OLS estimates of industry wage differentials.
21 Again, the exception is the educational sector in Finland, for which the within-family estimate suggests a larger wage penalty than the OLS estimate. Note, however, that both sets of estimates indicate smaller wage penalties in the educational sector in Finland compared to the other four countries considered. 22 The U.S. plot is also suggestive of greater general variability of scatter points that might be related to the smaller U.S. sample size. In particular, some of the smaller industries in the U.S. data (1. Oil, mining; 6. Other non-metal; and 8. Furniture) appear to be outliers in the figure. Because the WASD and WSD statistics are weighted by the industry employment share, small industries have little influence on these statistics. Indeed, excluding these industries from the analyses turns out to have only minor impact on results and do not alter any of the conclusions drawn in the paper.
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Further cross-country comparisons
In this section, we briefly discuss similarities and differences of results within the Nordic countries and how they differ from those of the United States. As shown in Table 5 , the patterns of industry wage differentials are highly correlated across countries, with the same industries paying high or low wages in each the five countries considered. Not surprisingly, correlation coefficients are generally higher within the Nordic countries than in comparisons with the United States.
23 Table 5 coverage; see, e.g., Barth and Zweimüller (1992) and Kahn (1998) . It is rarely acknowledged that the distribution of skills, beyond that measured by formal education, differs across countries.
This of course reflects the fact that data on comparable measures of "productivity" or "skills" are very thin. The International Adult Literacy Survey (IALS) is one of the few exceptions; cf.
OECD (2000)
. The survey provides a "Quantitative literacy" index that has been used by, e.g., Freeman and Schettkat (2000) and Blau and Kahn (2001) in their comparative studies of wage inequality.
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Table 6 lists figures showing how the level, and more importantly, the distribution of literacy skills differ across the countries of the present study. We note that mean scores are only slightly higher in the Nordic countries than in the United States. The major difference lies instead in the dispersion of skills, measured by the 95/5 percentiles ratio, which is about 50 percent higher in 23 When reporting correlation coefficients based on within-family estimates, we exclude industry 1. Oil, mining, because of a small cell count in the U.S. brother sample. In fact, the U.S. sample of brothers includes only seven observations in that industry. Importantly, apart from the within-family correlations reported in Table 4 , Panel B, no other results or conclusions drawn in the paper are sensitive to whether or not we include this industry. 24 The index measures the individual's "knowledge and skills required to apply arithmetic operations, either alone or sequentially, to numbers embedded in printed materials, such as balancing a chequebook, figuring out a tip, completing an order form or determining the amount of interest on a loan from an advertisement" (OECD, 2000) .
the United States than in the Nordic countries. These numbers provide strong indication that productive skills are distributed more equally across workers in the Nordic countries. Hence, if all workers were paid according to their individual productivity, the lower dispersion of skills would lead us to expect less wage inequality in the Nordic countries than in the United States. In light of such cross-country differences in the distribution of skills, it is reasonable to question the use of WSD or WASD as the sole metric for cross-country comparisons of industry wage variation. If the purpose of the exercise is to assess the importance of industry wage dispersion in a country, one might ask the following question: "What share of the total variation in wages in a society can be attributed to the distribution of workers by industry?" To answer that question, variability in industry wages must be considered relative to the total variation of wages and a candidate metric for cross-country comparisons is the ratio 2 / var( ) WASD w .
If relevant skills are determined by pre-labor market qualifications, perhaps due to such factors as family background, neighborhoods, and schools, rather than by labor market institutions, a natural solution to preserve comparability across countries is to "scale" the WASD metric dividing by the overall variance of log wages.
In Table 7 , we report the sample variances of log wages along with the rescaled measures of industry wage dispersion. The first row highlights the greater overall dispersion of wages in the Notwithstanding the importance of labor market institutions, underlying differences in the distribution of skills, beyond what is accounted for by formal education controls, ought to be taken into account in cross-country comparisons of labor market features like wage differentials between industries. When we standardize for differences in the overall distribution of wages, results in this section question the apparently well-established conclusion that the wage-setting institutions of the Nordic countries have lead to smaller wage differences across industries compared to those observed in the more competitive U.S. labor market. 
Concluding remarks
The novelty of this paper has been to examine the importance of unobserved ability in understanding the existence and persistence of inter-industry wage differentials using data on siblings (brothers) from five countries. In contrast to the earlier literature, which has predominantly made use of longitudinal data of industry switchers, the approach of our study
does not rely on difficult-to-defend assumptions regarding exogeneity of worker mobility between industries. Moreover, our approach is based on estimates of long-run wage differentials, not on short-term differences of industry switchers. We also argue that cross-country comparisons should pay attention to an alternative metric where the variance of industry wage differentials is measured relative to the overall variance in wages. Accounting for differences in ability bias brings U.S. estimates of industry wage dispersion in the same range as those of the Nordic countries. (iii) Our cross-country comparisons, which unlike the bulk of the previous studies recognize that the overall variance of wages is considerably higher in the U.S. than in the Nordic countries, show that the contribution of interindustry wage differentials to total wage variation is larger in the Nordic countries than in the United States. Denmark and Sweden, 9, [10] [11] [12] [13] 14, [15] [16] Finland, [11] [12] 13, 15 and 17+; Norway and USA, [10] [11] 12, [13] [14] [15] [16] [17] [18] (Tables A4 and A5 ). Plot symbol refers to the industry identifier used in tables.
